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Abstract 

Fault diagnosis in power electronic systems is used to improve reliability and 

maintainability of power electronic equipment. In this research, a power conversion 

system which consists of an uncontrolled three-phase rectifier, a DC-DC chopper 

converter, and a single-phase grid-connected inverter was under study.  Several types of 

faults can occur in the power conversion system, and the focus of this thesis is detection 

of open-circuit fault and isolation of faulty diodes in the three-phase rectifier. 

Many fault diagnosis methods have been proposed to identify open-circuit faults in a 

power device, but none of them are applicable in the system under study for this research 

due to two restrictions. The first is the number of sensors and accessible signals. There 

are only three sensors to capture the input voltage (one line voltage), the output voltage, 

and the output current of the rectifier. The second is the variability of the amplitude and 

frequency of the voltage source. The voltage source of the rectifier is a wind turbine 

generator that supplies variable voltage amplitude and frequency depending on the wind 

speed. The amplitude and the frequency are assumed to be constant and unknown, but 

limited to lie between known lower and upper bounds. 

In this thesis, a two-stage method is proposed which captures the input and output voltage 

of the rectifier to diagnose open-circuit faults and isolate faulty diodes in a three-phase 

rectifier driven by a three-phase voltage source with variable amplitude and frequency. In 

the first stage of the proposed method, different classifiers are implemented to identify 

the fault classes based on the various extracted feature sets, and in the second stage, the 
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phase shift between the input voltage and the ripple of the output voltage of the rectifier 

is calculated to isolate the faulty diodes. For each of the proposed solutions, simulation 

results and experimental results are presented. 
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1 Introduction 

Fault diagnosis serves an important role in power electronic systems; it serves to 

increase the reliability and maintainability of power electronic equipment. By use of this 

method, the type and/or location of faults can be detected. Detecting a fault early can 

help to avoid more serious damage that causes more expensive and longer repair times. 

Finding the location of a fault is also useful to decrease the repair time. 

1.1 Problem Statement 

The research is focused on the design and implementation of a fault diagnosis method 

for a renewable energy conversion system as illustrated in Figure ‎1.1. This conversion 

system is laid between a wind turbine generator and a power grid, and consists of three 

stages: an uncontrolled three-phase rectifier, a DC to DC chopper converter, and a 

single-phase grid-connected inverter. Each stage has voltage and/or current sensors to 

measure and monitor the voltages and/or currents at specific points. This study focuses 

on the rectifier stage to identify open-circuit faults caused by diode failures. 
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Figure ‎1.1: Components of the energy conversion system 
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Possible diode faults in the rectifier are short-circuit and open-circuit faults. Short-circuit 

faults can cause immediate damage to the other components of the system, and there are 

effective protection methods to identify them and shut down the system. Open-circuit 

faults are more challenging to recognize. Protection methods cannot identify them, and 

the system continues to operate. These kinds of faults reduce the performance of the 

system and may cause other damages and faults after a period of time [1], [2]. 

Several approaches have been proposed for open-circuit fault detection in power devices 

[3]. However, there are two issues associated with the power rectifier under study that 

keep the previously proposed approaches from being applicable: the number and type of 

sensors used in the rectifier stage, and the variable nature of the rectifier’s voltage 

source. 

Most of the previous solutions are based on the measurement of the three-phase input 

current. But there is no current sensor in the system under study of this thesis to capture 

the input currents. Figure ‎1.2 shows the topology of the uncontrolled three-phase 

rectifier (the first stage of the power conversion system) which consists of six diodes. 

There are only three sensors: one monitors the output voltage, VR, the second monitors 

the line voltage of the input voltage, VS, and the third sensor monitors the output current, 

IR, of the rectifier. Since there is no current sensor to monitor the input currents of the 

power conversion system, the previous works, which are based on the monitoring of the 

three-phase input current, are not directly applicable in the system under study of this 

research.  
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Figure ‎1.2: Uncontrolled full-bridge three-phase rectifier 

 

In addition, most of the previous works assume that the input voltage is fixed and has a 

known amplitude and frequency. In this system, the rectifier is driven by a wind 

generator whose voltage amplitude and frequency are variable and directly dependent on 

the wind speed. The amplitude changes from 100v to 350v, as the frequency varies 

between 20Hz and 80Hz. 

The problem is to reliably detect and isolate the presence of open-circuit faults in one or 

more diodes using the measurements of the accessible signals (the input voltage, the 

output voltage, and the output current of the rectifier) under operating conditions when 

the frequency and the amplitude of the three-phase input voltage vary over some known 

range of values. 

1.2 Background and Literature Survey 

AC-DC converters and three-phase rectifiers are broadly used in different power 

industry applications [4], [5], and they are vulnerable to various electrical faults. In 

recent years, development of fault diagnosis methods has been considered. This 

literature review focuses on the open-circuit fault which could happen in a rectifier. 
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The open-circuit fault is one of the common faults in power three-phase rectifiers. In the 

case of this fault, the three-phase input current of the rectifier becomes unbalanced with 

increase in the ripple and distortion of the DC output voltage of the rectifier. Two 

sources of information are frequently used to identify the open-circuit fault and locate 

the faulty switches. In one group of studies, the three-phase input current of the rectifier 

is monitored using three current sensors [1], [6]-[13]; in the other group of studies, a 

voltage sensor at the output of the rectifier is used to capture the ripple of the DC voltage 

[14]-[24]. 

1.2.1 Diagnosis methods based on the current observation 

The use of information captured from the three-phase current is common for open-

circuit fault diagnosis in rectifiers and inverters. In [1], three current sensors are used to 

monitor the three-phase input current, and the average values of phase current signals 

are calculated and compared with threshold values so as to identify one or two open-

switch faults in the rectifier. In [12], the Fast Fourier Transform (FFT) is applied to the 

input and three-phase output currents of a cycloconverter. The DC and the 16Hz 

component are extracted and used to identify open-circuit faults. In both studies, the 

three-phase input voltage is assumed to have constant amplitude and frequency. 

Variation of the amplitude and frequency of the input voltage will increase the open-

circuit fault detection error.  

Won-Sang Im et al. [6] present a new method based on the phase detection. The phases 

of input currents are calculated and the phase variations are monitored to diagnose only 

one open-circuit fault in a Space Vector PWM (SVPWM) controlled rectifier. Under an 
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open-circuit fault condition, the three-phase input current has different patterns in 

comparison to the three-phase current in a common Voltage-Source Inverter (VSI).  

Benslimance [13] proposes a method to identify one or maybe two open-circuit diodes 

of an uncontrolled rectifier which is connected to a resistive load. In his method, 

minimum, maximum, and DC values of three-phase input current are calculated in 

addition to observing the current phase. 

In [9] and [11] other methods based on the current Park’s vector approach are proposed 

that allow a single open-switch fault to be detected. The Park’s vector method, the 

normalized DC current method, the slope method, and the control deviation method are 

compared in [7], and normalized DC current method is enhanced. All of these methods 

employ the information of the three-phase input current and can diagnose just one open-

circuit fault.  

In [8], the three-phase input current of a full-bridge rectifier is captured and the Principal 

Component Analysis (PCA) method is applied. Comparison of the first two principal 

components allows a single open-switch fault to be recognized. 

1.2.2 Diagnosis methods based on the voltage observation  

In [23], a power converter connected to an induction motor is studied and a decision-tree 

method is proposed to find faulty diodes in the rectifier. The average value of the output 

voltage of the rectifier and the RMS value of the three-phase voltage of the induction 

motor (output of the inverter part) are calculated and compared with some predefined 

threshold to find open-circuit diodes in the rectifier part. The three-phase input voltage 

source of the rectifier is assumed to be fixed.  
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In [21], based on sampled values of the three-phase input voltage of the rectifier, the 

output voltage waveform of the rectifier under normal operation is simulated. Then the 

captured output voltage waveform of the rectifier is compared with this simulated 

waveform and the residual is obtained. By coding the residual signal, a specific code is 

generated for different sets of open-circuit faults. Coding of the residual signal is done 

with a fixed frequency, so the result of this method will be sensitive to the variation of 

the input voltage frequency. In addition, the open-circuit fault in one switch or in some 

cases in two or three switches can be identified. Iorgulescu [14] introduces a similar 

method that the average value of the output voltage and current of the rectifier is 

calculated and compared with the case for which there is no fault in the rectifier.  

The method proposed in [15] uses the Wavelet transform to decompose the output 

voltage of the rectifier and calculate its correlative dimensions of the first level. By 

comparing this value with the value related to the normal case, the type of open-circuit 

fault is determined.  

Hong-Da and others use the Support Vector Machine (SVM) method as classifier and 

the average value of the rectifier output voltage as diagnosing feature [19], [20], and 

[22]. This method is sensitive to the amplitude of the three-phase input voltage, and 

several SVM modules, more than the number of fault types, must be designed and 

trained. [24] also uses the SVM for classification of fault types, but applies Principal 

Component Analysis (PCA) to the samples of the rectifier output voltage waveform and 

uses the PCA components as features for classification. This paper can only identify one 

open-switch fault.  
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Ren-Wu [17] captures samples of the rectifier output voltage for an Auto Regressive 

(AR) model and uses the coefficients of the AR modeling as characteristic parameters to 

train twenty-two Hidden Markov Models (HMM) to identify different types of open-

circuit faults.  

In [18], a Back Propagation Neural Network is proposed which has two hidden layers 

consisting of 26 and 23 nodes with 50 nodes in the input layer to accept 50 samples of 

the input voltage waveform of the rectifier for training and testing the Neural Network. 

For the method proposed in [18], it is assumed that the three-phase input voltage of the 

rectifier has fixed amplitude and frequency.  

Fan et al. [16] suggest an improved adaptive hierarchical Generic Algorithm to optimize 

the structure and connection weights of the Neural Network, and again uses the time 

samples of the rectifier output voltage waveform as classifier features. The problem with 

this kind of time-domain feature is that the fault diagnosis accuracy is sensitive to the 

variation of the amplitude and/or frequency of the three-phase input voltage. 

Kamel [35] proposes a method to identify open-circuit fault in a three-phase rectifier by 

use of the rectifier’s output voltage. He applies the FFT to the ripple of the output 

voltage and calculates the summation of the first and second harmonic’s amplitude as a 

fault identification criterion. Normalizing the criterion to the input voltage RMS makes 

his method independent to the input voltage variation. The fault diagnosis method in 

[35] only serves to detect open-circuit faults; it does not isolate or identify the fault 

diodes. 
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1.3 Motivation 

As described in Section ‎1.2, the reviewed fault diagnosis methods are not directly 

applicable to the system under study because of two restrictions: the type and number of 

sensors and the variable nature of the voltage source. So a new approach is needed to 

identify the open-circuit faults in the rectifier stage of the power conversion system. 

The overall motivation of this research is to develop a new fault diagnosis method for 

three-phase rectifiers driven by a three-phase voltage source with variable amplitude and 

frequency. Furthermore, this research will identify and locate various combinations of 

open-circuit faults, using measurements of the voltage of the rectifier output and only 

one phase-to-phase voltage at the input. 

1.4 Thesis Structure 

Chapter 1 contains an introduction to the problem, a description of the system under 

study in this research, literature review, and motivations of this research. In Chapter 2, 

the simulation model and the experimental test-bed system used to study and evaluate 

different fault diagnosis methods are introduced. Chapter 3 explains the applied 

methodology for fault diagnosis. In Chapter 4, simulation and experimental results are 

explained. Finally, Chapter 5 draws some conclusions about the work, summarizes the 

major contributions and proposes future work. 
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2 Modeling 

Similar to many physical systems, it is more convenient to use a model to study the 

power conversion system under various fault conditions and different fault diagnosis 

methods. In this study, two kinds of models are used: a simulation model and a physical 

laboratory emulator as a test-bed. 

2.1 Simulation Model 

During the previous studies on the power conversion system in the Sustainable Power 

Research Group, a simulation model has been designed and developed in the Simulink 

software [33]. As illustrated in Figure ‎2.1, this model consists of the three main stages of 

the power conversion system. To simulate the wind turbine generator, a three-phase 

voltage supply is used, and a single-phase voltage supply with a voltage of 240V RMS 

and a frequency of 60Hz is used to simulate the grid. Different Simulink Scopes are used 

to monitor and save signals from different points of the system. 

The boost chopper employs a controller circuit which generates a Pulse-Width 

Modulation (PWM) control signal with a switching frequency of 10kHz. The duty cycle 

of the PWM signal is being adjusted to provide the desired output voltage. The three 

inputs of the controller circuit are the input voltage and current of the boost chopper and 

the desired output power of the conversion system. The desired output power is a 

function of the frequency of the supply voltage, and this function is implemented as a 

look-up table.  
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Figure ‎2.1: Simulation model of the conversion system 

 

Another controller circuit is used to generate a PWM signal to control the inverter’s 

switches in order to provide an AC voltage with a fixed amplitude and frequency to the 

grid, and make the inverter output current and voltage to be in phase. The inputs to the 
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controller circuit of the inverter are the input voltage of the inverter and the output 

voltage and current of the inverter.  

 Data Capturing 

Since there are voltage sensors to monitor the input and output voltages of the rectifier in 

the power conversion system, it is needed to capture the same signals under different 

types of open-circuit faults in the simulation model. To do this, the model starts to run 

under normal condition (no fault) and at some time instant a specific open-circuit fault, 

as specified by the number and location of open diodes, is created. The captured signals 

are saved to use later in Matlab. The simulations will consider 41 combinations of open-

circuit diode faults, in total. The justification per the choice of the 41 combinations 

appears in Section ‎3.1. 

In the simulation model, it is assumed that the frequency of the input voltage increases 

from 20Hz to 80Hz, as the amplitude of the input voltage increases from 100v to 350v. 

Consequently, data capturing should be run 41 times for different input voltage records 

of the rectifier. Each input voltage record has a pre specified amplitude and frequency. 

To handle this amount of data capturing, a MATLAB script which is listed in ‎Appendix 

D was prepared to set the values of the rectifier input voltage parameters and faulty 

diodes, run the Simulink model, capture the data, and then save the captured signal. 

Figure ‎2.2 illustrates the rectifier circuit used in the simulation model. To mimic an 

open-fault diode, a switch which is controlled by a timer is connected in series with each 

diode. Timers, switches, and diodes belong to the SimPowerSystem library of the 

Simulink. A specific open-circuit fault is simulated by opening the appropriate switch at 

the desired time, and the timers are synchronized in the MATLAB code. 
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Figure ‎2.2: The simulation model of the rectifier 

 

2.2 Experimental Test-Bed  

After using a simulation model to study the physical system, and apply and test different 

fault diagnosis methods, the selected fault diagnosis method was evaluated on a real 

physical system. Since it is not possible to do experimental tests when the power 

conversion system is connected to a real wind turbine generator and a real grid, a test-

bed which includes physical emulators of wind turbine generator and grid was prepared 

and used. As illustrated in Figure ‎2.4, a physical emulator of a wind turbine generator 

and a power grid are used as the supplier and the load of the power conversion system 

respectively. The power conversion system is modified, so any open-circuit faults of 

diodes in the rectifier stage can be generated manually. 
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2.2.1 Wind Turbine Generator Physical Emulator 

A wind turbine generator creates a three-phase voltage with variable amplitude and 

frequency depending on the wind speed that are in a direct relationship.  

To produce experimental results for various frequencies, a three-phase power supply 

with variable voltage amplitude and frequency is built using a LabVolt 3 horsepower DC 

motor and a LabVolt 2.5 kilowatt synchronous generator as shown in Figure ‎2.3. The 

DC motor speed can be adjusted by the DC voltage power supply, and the change in 

shaft speed causes the amplitude and frequency of the output of the synchronous 

generator to change. In this configuration, increasing the DC voltage of the variable DC 

power supply increases the frequency and the amplitude of the three-phase voltage 

generated by the synchronous generator.  

 
Figure ‎2.3: Physical laboratory emulator of a wind turbine generator 

 

2.2.2 Grid Physical Emulator 

In the experimental test-bed, a single-phase power supply which generates a sinusoidal 

voltage with 240v amplitude and 60Hz frequency is used as a physical emulator of the 

grid as illustrated in Figure ‎2.4. 
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Figure ‎2.4: Experimental test-bed 

 

2.2.3 Power Conversion System Modification 

To evaluate the fault diagnosis methodologies, a method of manually generating faults is 

needed. Since this study focuses on the open-circuit faults of diodes in the rectifier stage, 

the power conversion system was modified so that these kinds of faults could be 

generated manually. The physical rectifier consists of a module shown in Figure ‎2.5, but 

this module does not allow access to individual diodes. In the rectifier module, there are 

only five accessible nodes; three nodes of three-phase input voltage and two nodes of 

output DC voltage. To have access to all six diodes and be able to open-circuit any of 

them, this rectifier module is replaced with a circuit consisting of two rectifier modules 

and six switches. Figure ‎2.6 shows the circuit of the laboratory implementation of the 

rectifier. In this circuit, three upper diodes of the module 1 (D1, D3, and D5) and three 

lower diodes of module 2 (D2, D4, and D6) play the role of the six diodes of the rectifier 

model. Six switches (T1 to T6), each in series with a diode, are used to manually create 

open-circuit faults. When switch Ti is closed, diode Di operates as a normal diode in the 

circuit. To make diode Di open-circuit, switch Ti is opened. 
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Figure ‎2.5: Block diagram of the rectifier module  
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Figure ‎2.6: The physical emulator of the rectifier 
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3 Methodology for Fault Diagnosis   

In this chapter, the methodology of this research and open-fault diagnosis in the rectifier 

under study is explained.  

3.1 Simulation Waveform Analysis 

The open-circuit fault can happen for one or more diodes in the rectifier, and the power 

conversion system can continue to work under this fault with lower efficiency and 

higher risk of damage to the other components in the system. The simulation results and 

most of the previous studies [14]-[24] show that the rectifier output voltage has different 

ripple waveform under different number of open-circuit diodes. The simulation model is 

used to investigate all possible combination of open-circuit diodes. It reveals that for a 

given frequency of the input voltage source, the output voltage ripple of the rectifier will 

assume one of six different waveform shapes based on the different numbers and 

locations of the open-circuit diodes. Based on these six waveform shapes plus the no-

fault case, the following seven fault classes have been defined for open-circuit faults in 

the rectifier circuit of Figure ‎1.2: 

 C1: Healthy system. There are no open-circuit faults. 

 C2: One diode is open. One of the six diodes is open-circuit, so there are six 

different open-diode sets in this class. 

 C3: Two diodes are open, in the same leg. There are three possible sets for 

open-circuit diodes in this class: (D1 , D4) , (D3 , D6) , or (D5 , D2). 
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 C4: Two diodes are open, in different legs. In this fault class, six open-diode 

sets can happen: (D1 , D6) , (D1 , D2) , (D3 , D4) , (D3 , D2) , (D5 , D4) , or 

(D5 , D6). 

 C5: Two diodes are open, both up side or both down side; or three diodes are 

open, one on each leg. Twelve open-diode sets can be considered for this fault 

class: (D1 , D3) , (D1 , D5) , (D3 , D5) , (D4 , D2) , (D4 , D6) , (D2 , D6) , (D1 

, D3 , D2) , (D1 , D5 , D6) , (D3 , D5 , D4) , (D4 , D2 , D3) , (D4 , D6 , D5) , or 

(D2 , D6 , D1). 

 C6: Three diodes are open, two of them in the same leg. This fault class 

includes twelve open-diode sets: (D1 , D4 , D2) , (D1 , D4 , D3) , (D1 , D4 , 

D5) , (D1 , D4 , D6) , (D3 , D6 , D1) , (D3 , D6 , D2) , (D3 , D6 , D4) , (D3 , 

D6 , D5) , (D5 , D2 , D1) , (D5 , D2 , D3) , (D5 , D2 , D4) , or (D5 , D2 , D6). 

 C7: Three diodes are open, all of them up or all of them down; or more than 

three diodes are open. 

In the case of the Fault Class 7 (C7), the output of the rectifier is completely 

disconnected from the input, and the output voltage is zero. So it is assumed there is one 

set of faulty diodes in the Fault Class 7. Table ‎3.1 shows the number of possible sets of 

faulty diodes in each fault class.  Figure ‎3.1 shows the waveform of the output voltage 

ripple of the rectifier for Fault Classes 1 to 6 when the three-phase input voltage of the 

rectifier has a frequency of 40Hz. The output voltage ripple of the rectifier is zero for 

Fault Class 7, so it is not illustrated in this figure. In ‎Appendix A, there are more figures 

related to other frequencies. From Figure ‎3.1, it appears promising that certain time-

domain features such as number of zero-crossings, number of peaks, or number of slope 
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changes will provide information that can be used to discriminate between the fault 

classes.  

Table ‎3.1: Possible faulty diode sets in each fault class 

Fault Class # of faulty diode sets 

C1 1 

C2 6 

C3 3 

C4 6 

C5 12 

C6 12 

C7 1 

Total 41 

 

The output voltage ripple of the rectifier can also be studied in the frequency domain. 

For example, Figure ‎3.2 illustrates the Fourier coefficients of the output voltage ripple 

for each fault class when the frequency of the input voltage source is 40Hz. The first six 

harmonics have different relative amplitudes for each fault class. In Fault Class 1, the 

sixth harmonic has significantly greater amplitude than the other harmonics. But for the 

rest of the fault classes, the amplitude of the lower harmonics increase noticeably. The 

amplitude ratios of the first three harmonics in Fault Classes 2 to 6 are different. For 

example, the amplitude ratio of the first harmonic to the second harmonic in Fault Class 

3 is less than one, but in Fault Classes 5 and 6, it is about two. From Figure ‎3.2, it can be 

observed that the amplitude of the first, second, third, and sixth harmonics can be used 

as classifier features to identify each fault class. 
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Figure ‎3.1: Output voltage ripple of the rectifier for the different fault classes when the input 

voltage frequency is equal to 40Hz. 

 

 
Figure ‎3.2: Fourier coefficients of the output voltage ripple of the rectifier for the different fault 

classes when the input voltage frequency is equal to 40Hz. 

 

In the next step, the output voltage ripple of the different open-diode sets in each fault 

class was studied. In each fault class, the waveform shape of all possible open-diode sets 
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are the same but with different phase shift relative to the input voltage. As an example, 

Figure ‎3.3 shows the output voltage ripple of the rectifier for the six different open-diode 

sets in Fault Class 4 when the input voltage frequency is equal to 40Hz. Note that all six 

waveforms have different phases but the same shape.  

 
Figure ‎3.3: Output voltage ripple of the rectifier for the different open-diode sets of Fault Class 4 

when the input voltage frequency is equal to 40Hz. 

 

As per the analysis mentioned above, a two-stage fault diagnosis method is designed to 

detect and locate the open-circuit fault in the rectifier. In the first stage and according to 

the waveform of the output voltage ripple of the rectifier, the related fault class is 

identified. And in the second stage, if any open-circuit fault is detected, faulty diodes are 

identified by calculating the phase shift of the output voltage ripple of the rectifier 
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relative to the input voltage. Before explaining these two stages, it is necessary to 

prepare a proper data set and extract useful features. 

3.2 Simulation Data set  

The simulation model of the power conversion system and the rectifier are explained in 

Section ‎2.1; the preparation of the data set based on the simulation model is explained in 

this section. 

The data set should cover all of the open-circuit faults under all the rectifier conditions. 

The only variable conditions of the rectifier in the power conversion system under this 

study are amplitude and frequency of the input voltage. As mentioned in Section ‎1.1, the 

input voltage amplitude changes from 100v to 350v, as the frequency of the input 

voltage changes from 20Hz to 80Hz. As described in Section ‎3.1, there are a total of 41 

open-circuit diode sets divided among seven fault classes.  

An m-file in MATLAB is written to run the simulation model and when it reaches the 

steady state, one of the open-diode sets is applied. After the fault is applied, the 

simulation model continues to run for a while, allowing the output voltage of the 

rectifier, VR, the line voltage of the input voltage, VS, and the output current of the 

rectifier, IR, to be captured and saved in a mat-file. This process is done for all 41 sets of 

faulty diodes and 61 different pairs of input voltage amplitude and frequency. As the 

input voltage frequency value steps from 20Hz to 80Hz in increments of 1 Hz, the input 

voltage amplitude steps from 104v to 344v in increments of 4v. In addition, to increase 

the simulation samples, for each set of the faulty diodes and each pair of input voltage 

amplitude and frequency, the above mentioned process is repeated 5 times and open-
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circuit fault is applied at a random time. In total, the simulation model is run 12,505 

(41*61*5) times to generate all possible fault sets occurring at random start times for all 

input voltage frequencies. 

3.3 Experimental Data set  

To evaluate the fault diagnosis method on the real physical system, it is necessary to 

have an experimental data set. The experimental test-bed used in this research is 

explained in Section ‎2.2. Similar to the simulation-based data set, the experimental-

based data set should cover all possible open-circuit faults and input voltage frequencies. 

The experimental data set covers the range of source frequencies from 20Hz to 80Hz in 

steps of 5Hz. The frequency value is set by changing the input DC voltage of the DC 

motor to generate different shaft speeds for the synchronous generator (Figure ‎2.3). 

After reaching steady-state condition for the desired three-phase voltage source, an 

open-circuit fault is generated manually and the voltage waveforms of the input and the 

output of the rectifier are captured. To have more samples in the data set, each 

experiment is repeated three times in which the frequencies are slightly different. The 

input and output voltages of the rectifier are captured for seven fault classes for thirteen 

different frequencies (20Hz to 80Hz by step of 5Hz). This process is repeated three 

times, so the experimental data set has 273 (7*13*3) samples. 

3.4 Feature Extraction 

In order to identify the open-circuit fault class based on the output voltage ripple of the 

rectifier, features which capture characteristics of the waveform that can be used to 

distinguish the different fault classes must be identified. Figure ‎3.1 and Figure ‎3.2 
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expose the possibility of appropriate features in time and frequency domain. In the 

sections that follow, the features that are used in this research are introduced. 

3.4.1 Time-Based Features 

The following time-based features are extracted from the output voltage ripple of the 

rectifier: 

 Measured Frequency of the rectifier input voltage (fm) 

Since the frequency of the rectifier’s input voltage source ranges in value between 20Hz 

and 80Hz, not only will this value be necessary to extract other features, but it will also 

be used in conjunction with other frequency dependent features for determining the fault 

classes. 

In the real physical system, the period of the input voltage is measured in the time 

domain by use of the zero-crossing method [32]. The error associated with this 

measurement is assumed to be limited to ±10%.  

             ( 3-1) 

where    is the preset period of the input voltage of the rectifier,    is the measured 

period, and α is a random variable between -0.1 and +0.1. The exact value of the 

frequency,   , is known in the simulation data set, and the measurement error is 

modelled by adding to    a random value in the range of -9% to +11% of the true 

frequency value.  

                         ( 3-2) 
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                           ( 3-5) 

 

             ( 3-6) 

where    is the true or preset frequency of the input voltage of the rectifier,    is the 

measured frequency, and β is a random variable between -0.09 and +0.11. 

 Numbers of Zero-Crossing (NZC) 

This feature represents the number of times the output voltage ripple waveform crosses 

the zero level over a time interval equal to the measured period,   , as estimated by the 

measured frequency,   , of the rectifier’s input voltage source.  

 Waveform Length (WL) 

The waveform length reveals the complexity of the waveform, and it is equal to the 

cumulative length of the waveform over one segment. The duration of the selected 

segment is equal to the measured period of the input voltage. The waveform length, WL, 

is calculated as 

               

 

   

 ( 3-7) 
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where N is the number of samples in the selected segment, and    is the     sample of the 

ripple of the output voltage of the rectifier in the segment. 

 Mean Absolute Value (MAV) 

The mean absolute value is another common time-domain feature that can be useful for 

the classification of the rectifier output voltage ripple under different fault class cases. 

Letting N denote the number of samples in the given segment of the rectifier output 

voltage ripple, and    denote the     sample, the following equation is used to calculate 

the MAV. 

      
 

 
     

 

   

 ( 3-8) 

 Numbers of Slope Sign Changes (NSSC) 

The number of slope sign changes is another time-domain feature that provides 

information regarding the frequency content of the rectifier’s output voltage ripple. This 

feature indicates the number of times the slope of the output voltage ripple waveform 

changes its sign. Examination of the waveforms in Figure ‎3.1 shows that this feature 

changes in value from one fault class to the next, and is thus useful in discriminating 

between fault classes. 

 Ratio of the RMS value of the output voltage to the input voltage (Vn) 

In the Section ‎3.1, the analysis of the output voltage waveforms via the simulation 

model shows that the number and position of the open diodes will affect the RMS value 

of the rectifier output voltage. For the given rectifier input voltage, the RMS value of the 
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rectifier output voltage has different values depending on the open-circuit fault class. 

Although the input voltage amplitude will also affect the RMS value of the output, this 

effect can be eliminated if the RMS value of the output voltage is normalized by the 

RMS value of the input voltage. 

     
    

   

    
  

  
    

      
   

    
   

  
   

 ( 3-9) 

3.4.2 Frequency-Based Features 

Examination of Figure ‎3.2 reveals that the following frequency-based features extracted 

from the output voltage ripple of the rectifier can be used to discriminate between fault 

classes. 

 Normalized energy of the first three harmonics (E0) 

 Normalized energy of the first harmonic (E1) 

 Energy ratio of the first harmonic to the second harmonic (Er12) 

 Energy ratio of the first harmonic to the third harmonic (Er13) 

The two features of E0 and E1 are normalized by the RMS value of the rectifier input 

voltage to minimize the effect of the input voltage amplitude variation. 

The Fast Fourier Transform (FFT) algorithm is used to calculate the Discrete Fourier 

Transform (DFT) of a selected segment of the rectifier’s output voltage ripple, from 

which all of the features listed above can then be extracted. As explained in the 

following sections, the FFT implementation is complicated by limitations of the power 

conversion system’s hardware. 
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3.4.3 FFT Implementation 

The Digital Signal Processor (DSP) in the real power conversion system imposes several 

limitations on the way in which the FFT is implemented. Despite the fact that the 

simulation model does not impose the same restrictions, the limitation imposed by the 

DSP should be considered and modeled by the simulation model. 

 Fixed FFT Length 

The length of a selected segment of a waveform on which the FFT is applied is the first 

difference between FFT implementation in the simulation and the real system. In the 

simulation and MATLAB code, a signal with any length can be chosen for the FFT 

function. But according to the hardware limitation, the implemented FFT function on the 

DSP must be set to a fixed length. Selecting a fixed FFT length implies that for most 

frequencies, the selected length will correspond to a noninteger number of periods. In 

addition, as the frequency of the voltage source varies from 20Hz to 80Hz, the number 

of periods in a fixed-length segment will also vary by a factor of four. 

 Windowing 

Applying the FFT on a segment of data containing a noninteger number of periods will 

cause additional frequency components to appear in the FFT result. So as to minimize 

the effect of a noninteger number of periods, a Hanning window is applied to the 

waveform segment before applying the FFT.   

 Variable Downsampling 

The FFT is an efficient way of computing samples of a windowed signal’s spectrum. 

The frequency interval between adjacent samples computed by the FFT is 
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 ( 3-10) 

where    is the sampling rate of the signal, and      is the FFT length. Letting k denote 

the FFT index, the frequency, fk, associated with FFT index is 

                       
    

 
   ( 3-11) 

The ripple of the output voltage of the rectifier is periodic. Letting T denote the length 

(in units of seconds) of the FFT window and letting T0 denote the period of the input 

voltage source, the number of periods, Mper, included in the window is 

      
 

  
 ( 3-12) 

On the other hand,  

          ( 3-13) 

where Ts is sampling interval (   
 

  
). With the use of equation (‎3-13), (‎3-12) becomes 

      
      

  
 

    

  
    ( 3-14) 

 

where f0 is the fundamental frequency of the input voltage source. Using equation 

(‎3-10), (‎3-14) can be written as 

    
  

    
 ( 3-15) 
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Combining (‎3-11) and (‎3-15) shows the relation between the frequency associated with 

the FFT index, k, and the number of periods covered by the FFT window: 

    
 

    
   ( 3-16) 

Equation (‎3-16) reveals that the greater the number of periods included in the FFT 

window, the greater the number of FFT samples between two adjacent harmonics. In this 

thesis, the FFT length is set to 512 samples. As the sampling rate is equal to 10000 

samples per second, the time duration of 512 samples is 51.2 milliseconds. This duration 

includes slightly more than one period of the input voltage of the rectifier when the input 

voltage frequency has its minimum value of 20Hz. When the input voltage frequency is 

80Hz, this length includes four periods. This means that when the frequency is 80Hz, the 

number of spectral samples separating adjacent harmonics is four times greater than for 

the case when the frequency is 20Hz. This difference can decrease the classification 

accuracy of a classifier that uses the frequency-based features. To make the number of 

FFT indices separating adjacent harmonics more consistent across the various input 

frequencies, the lower frequency voltage signals can be downsampled. According to 

equation (‎3-14), decreasing the sampling rate, Fs, increases the duration of the FFT 

window thus increasing the number of periods, Mper, contained in the FFT window. 

As equation (‎3-14) shows, there are a noninteger number of periods in the segment of 

the waveform contained in the FFT window. So this value can be rounded to obtain an 

integer estimate, m, of the number of periods. 
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According to the values of the original sampling frequency, the FFT length, and the 

range of the input voltage frequency mentioned in equation (‎3-20), the number of 

periods in the segment related to each frequency range is declared in Table ‎3.2. 

                                                   ( 3-20) 

Table ‎3.2: Number of periods vs frequency ranges 

# of Periods Frequency Range (Hz) 

1             

2                

3                

4             

 

Variable downsampling can be designed based on the information in Table ‎3.2. Equation 

(‎3-21) shows the variable downsampling calculation. 

     

 
 
 

 
 
 

 
                                              

 

 
                                

                                              

  ( 3-21) 
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This variable downsampling guarantees there will be three or more periods in the FFT 

segment for all input voltage frequencies. 

 Energy Band 

As per equation (‎3-16), if the selected segment of a signal covers exactly m periods of 

the signal (      , where m is an integer), the frequency associated with the FFT 

index of nm (    , where n is an integer) represents the amplitude of the n
th

 

harmonic of the signal. But, when the waveform segment contains a noninteger number 

of periods, the harmonics of the signal are placed somewhere between the FFT indices. 

For this reason, a frequency band is defined and the signal energy within the frequency 

band is calculated as a frequency-based feature instead of using a single FFT value. The 

width of the frequency band is chosen equal to the estimated frequency of the input 

voltage source, and its center is located at the frequency associated with the harmonic of 

interest. Equation (‎3-22) shows the central frequency,   , low cutoff frequency,   , and 

high cutoff frequency,   , of the frequency band for the n
th

 harmonic.  

 

                                           ( 3-22) 

To calculate the energy of this frequency band, it is necessary to find the FFT indices 

which are located inside it. The following equation demonstrates the range of the FFT 

indices within the frequency band of the n
th

 harmonic. 

        
         

  
     

         
  

        ( 3-23) 
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where    is defined in equation (‎3-10). The energy of the frequency band of the n
th

 

harmonic is calculated according to the following equation: 

         
 

     

       

 ( 3-24) 

where    is the magnitude of the k
th

 FFT index, and       and      , which are 

defined in Equation (‎3-23), are respectively the minimum and maximum FFT indices 

within the frequency band of the n
th

 harmonic. 

3.5 Fault Class Identification 

According to the analysis of the output voltage ripple of the rectifier explained in 

Section ‎3.1, the first stage of the proposed open-circuit fault diagnosis method is 

assigning the output voltage ripple waveform to one of the seven fault classes. In this 

study, three types of classifiers are investigated: Decision Tree, Linear Discriminant 

Analysis (LDA), and Neural Networks. 

3.5.1 Decision Tree 

The decision tree is one of the most popular classifiers used in the fault diagnosis field. 

It represents a function which takes a vector of features as input and returns a decision 

[34]. A decision tree has a hierarchical structure with directed edges and two types of 

nodes: internal nodes and terminal nodes. Each terminal node represents a class label, 

and internal nodes divide the instance space, set of all possible samples, into two or 

more sub-spaces based on its feature test condition [31].  
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In this research the CART (Classification and Regression Trees) algorithm is used to 

build a binary decision tree in which internal nodes produce exactly two outgoing edges; 

left and right edges. To select the feature and the proper threshold for each internal node, 

the Gini index is used as the splitting rule. The Gini index is an impurity-based criterion 

that measures the divergences between the probability distribution of the output classes 

[31]. Given instance space S in a particular internal node, the Gini index of S is defined 

as follows: 

               
 

 

   

 ( 3-25) 

where    is the probability that a randomly selected sample in S belongs to the class i 

(fraction of samples belonging to the class i), and k denotes the number of classes. 

Consequently, the evaluation criterion, Gini gain, to select feature A and its optimum 

threshold, τ, is defined as: 

                             
    

   
         

    

   
          ( 3-26) 

where    and    are the sub-spaces into S which is split when threshold τ is applied to 

the value of feature A.    ,      and      are respectively the number of samples in  ,    

and    (             ). For feature A, different threshold values are chosen 

according to the feature values for the samples in S. For each feature, a variety of 

threshold values are examined in equation (‎3-26), and the pair of feature and threshold 

which has the largest Gini gain is selected as the optimum splitter to divide the instance 

space S. 
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The CART algorithm generates a decision tree with a maximum size which is usually 

over fitted to the training set. Then the cost-complexity pruning method is used to prune 

back to the root split by split and generate a sequence of nested pruned trees [31]. The 

optimum tree is selected by calculating the classification performance of every pruned 

tree with respect to validation data set which was not involved in decision tree building.   

3.5.2 Linear Discriminant Analysis 

Linear Discriminant analysis (LDA) is a mathematically robust method to classify 

objects into two or more classes by finding linear combinations of features which are 

extracted from the objects [35]. The LDA employs the Bayes theorem with the 

assumption that the covariance matrices of all classes are identical [36]. In this research, 

the average of all classes’ covariance is calculated as the pooled estimate of the 

covariance matrix. The LDA uses a set of samples with known class labels to analyze 

and identify the hyper-plane separators. The training process is simple and fast, but it is 

restricted to using linear separators to partition feature space. 

3.5.3 Artificial Neural Network 

The Artificial Neural Network (ANN) is a classifier which can implement nonlinear 

separating surfaces to discriminate between the various classes of faults. Although the 

training of the Neural Network is more time consuming and complicated in comparison 

with a linear classifier and decision tree, it has the potential to provide a more accurate 

classification result when the use of a nonlinear separating surface is appropriate.  

Among various types of ANN, the Feedforward Neural Network was selected for use in 

this research. This kind of ANN has a simple structure and information only moves in a 
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forward direction; from the input nodes through the nodes in the hidden layers and on to 

the output nodes. There is no cycle or loop in the network structure. Figure ‎3.4 shows 

the structure of a Feedforward Neural Network. 

Each node in the ANN, excluding the input layer nodes, models a single neuron. As 

illustrated in Figure ‎3.5, a transfer function is applied to a weighted sum of the node’s 

input to generate the output value of the node. The output-input relation in a neuron 

model is shown in equation (‎3-27). 

 
Figure ‎3.4: Feedforward Neural Network 

 

 
Figure ‎3.5: Single Neuron model 
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     ( 3-27) 

where M is the number of inputs, xi is the value of the i
th

 input, wi is the weight of the i
th

 

input, w0 denotes the bias weight, and f(.) is a transfer function.  

In this research and to classify the open-circuit faults, a feedforward neural network with 

one hidden layer is chosen. The hyperbolic tangent sigmoid transfer function is used for 

all nodes, and the backpropagation method is used to train this neural network.  

The number of nodes in the input layer is equal to the number of extracted features used 

for classification, and the output layer consists of 7 nodes, equal to the number of fault 

classes. To determine the optimum number of nodes in the hidden layer, an experimental 

analysis has been done. The FFNN was trained and tested with a specific data set using 

different numbers of hidden-layer nodes. Figure ‎3.6 shows the percentage of correctly-

classified test set patterns as a function of the number of hidden layer nodes. The result 

shows that the classification accuracy increases significantly as the number of hidden 

layer nodes increases from 1 to 7, but the percentage of correct classification changes 

only slightly for more than 7 nodes in the hidden layer. So it is concluded that 7 nodes in 

the hidden layer gives the optimum result. 
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Figure ‎3.6: Classification accuracy of the FFNN with respect to the test set for different number of 

nodes in the hidden layer 

 

3.6 Faulty Diodes Isolation 

Analysis of the rectifier in Section ‎3.1 shows that there are several sets of faulty diodes 

associated with each open-circuit fault class. Therefore, once the fault class is identified, 

isolation of the faulty diodes still requires additional processing. 

The simulated waveform analysis (Section ‎3.1) revealed that the rectifier output voltage 

ripple waveform will have the same shape for any set of faulty diodes included in a 

particular fault class. As shown in Figure ‎3.3, the only way to determine the particular 

set of faulty diodes is to use information regarding the phase of the ripple with respect to 

the phase of the rectifier’s input voltage. To calculate the required phase shift, the input 

and output voltages of the rectifier are captured simultaneously. If the phase of the n
th

 

harmonic of the input voltage and output voltage ripple are       and       

respectively, then equation (‎3-28) can be used to calculate the phase shift for Fault 
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Classes 2 to 6. For Fault Class 1, the system is working fine and there is no faulty diode, 

so it is not necessary to execute the second stage of the fault diagnosis method. For Fault 

Class 7, the output voltage of the rectifier is zero for all sets of faulty diodes.  

     
                          

   
                               

  ( 3-28) 

As can be seen from equation (‎3-28), calculation of the phase shift for Fault Class 3 is 

different from the other fault classes. For Fault Class 3, the odd harmonics of the output 

voltage ripple are zero, so the difference between the phase of the second harmonic of 

the output voltage ripple and the input voltage is considered instead. 

The FFT is used to calculate the phase of different harmonics of signals. As explained in 

Section ‎3.4.3, a waveform segment on which the FFT is applied may contain a 

noninteger number of periods, and consequently the harmonics of signal are placed 

between the FFT indexes. In this case, the phase value of the nearest FFT index to the 

desired harmonic is selected as the estimated phase value of the harmonic. 
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4 Simulation and Experimental Results 

The two-stage fault diagnosis method which identifies open-circuit faults and faulty 

diodes in the rectifier was introduced in Chapter ‎3. Different algorithms were used to 

implement it, and the results of these algorithms based on the simulation model and the 

experimental test-bed are explained in this chapter. 

4.1 Simulation Results 

To study and compare the accuracy of the classifiers in Section ‎3.5, the features 

explained in Section ‎3.4 are extracted from the simulated data. To have more reasonable 

comparison between the classifiers, the same training and testing subsets are used. The 

DFT is calculated in different ways to extract the frequency-based features.  

4.1.1 DFT Calculations 

To study the effect of the FFT implementation techniques introduced in Section ‎3.4.3, 

six methods of the DFT calculation are designed and applied to calculate the frequency-

based features. These methods are summarized in Table ‎4.1. 

Table ‎4.1: DFT Calculation Methods 

Name 
Used 

Algorithm 

Frequency 

Error 

Window 

Length 

Window 

Type 

Energy 

Band 

Variable 

Downsampling 

CM1 DFT sum No 1 period Rectangular No No 

CM2 DFT sum Yes 1 period Rectangular No No 

CM3 FFT Yes 512 samples Rectangular No No 

CM4 FFT Yes 512 samples Hanning No No 

CM5 FFT Yes 512 samples Hanning Yes No 

CM6 FFT Yes 512 samples Hanning Yes Yes 
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In the CM1 method, no frequency estimation error is considered for the input voltage. A 

segment with length equal to one period of the input voltage is selected from the ripple 

of the output voltage, and the amplitudes of the first three harmonics are calculated by 

evaluating the DFT sum at the corresponding three frequencies. The CM2 method is 

identical to the CM1 method (in that the DFT sum is evaluated to find the three DFT 

values corresponding to the first three harmonics) with the exception that the estimation 

of the frequency of the rectifier’s input voltage is no longer considered to be error free.  

In the third DFT calculation method, CM3, the FFT algorithm with the fixed length of 

512 samples is used to calculate the DFT. In CM4, CM5, and CM6 methods, the FFT 

algorithm is implemented using the additional techniques of windowing, energy band, 

and variable downsampling which were described in Section ‎3.4.3. 

4.1.2 Data Set Arrangement 

The simulation data set that was described in Section ‎3.2 has a total of 12,505 samples. 

To mimic the error of the frequency estimation in the physical system, the frequency 

used in the features extraction process is determined as the sum of the source frequency 

and the frequency error which is randomly selected according to a uniform distribution 

between ±10% of the actual frequency. This process is repeated 10 times, resulting in 10 

different frequency estimates for each data set sample; thus resulting in a new data set 

with size of 125,050 samples. Depending on the different number of possible faulty 

diode sets in each fault class (Table ‎3.1), the distribution of samples among the fault 

classes is not equal. Table ‎4.2 shows the number of the simulation samples in each fault 

class. Fault Classes 5 and 6 have twelve times more samples than do Fault Classes 1 and 

7. To prevent the classifier from being biased toward Fault Classes 5 and 6, the number 
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of samples in each fault class is equalized to the number of samples in Fault Class 1 by 

selecting 3050 samples randomly.  

Table ‎4.2: Distribution of the simulation samples among the fault classes 

Fault Class 
Number of 

Samples 

C1 3050 

C2 18300 

C3 9150 

C4 18300 

C5 36600 

C6 36600 

C7 3050 

Total 125050 

 

When training and testing the Feedforward Neural Network and decision tree classifiers, 

it is useful to separate the data set into training, testing, and validation subsets. The size 

ratios for training, testing and validation are chosen as 0.6, 0.2 and 0.2, respectively. The 

number of samples of these subsets for each fault class is shown in Table ‎4.3.  

In the case that the CM1 method is used to calculate the DFT and the frequency 

estimation error is zero, the number of samples in the data set will be 10 times less than 

the data set described in Table ‎4.3; this is because the factor of 10 measure in the 

number of data samples due to the consideration of 10 different randomly selected 

frequency estimation errors no longer occurs. 
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Table ‎4.3: Distribution of randomly selected simulation samples among three subsets of training, 

validation, and testing for each fault class. 

Fault Class 
Training 

Samples 

Validation 

Samples 

Testing 

Samples 

Total 

Samples 

C1 1830 610 610 3050 

C2 1830 610 610 3050 

C3 1830 610 610 3050 

C4 1830 610 610 3050 

C5 1830 610 610 3050 

C6 1830 610 610 3050 

C7 1830 610 610 3050 

Total 12810 4270 4270 21350 

 

4.1.3 Feature Sets 

To study the accuracy of each classifier, different sets of features are selected. These 

feature sets are listed in Table ‎4.4. FS1 and FS2 are respectively the time-based and 

frequency-based features that were described in Section ‎3.4.1, and in FS3 to FS5, Vn 

and fm features are deployed in addition to the frequency-based features.  

Table ‎4.4: Selected Feature sets 

  Features 
Number of 

Features 

FS1  NZC, WL, MAV, NSSC, Vn, fm 6 

FS2  E0, E1, Er12, Er13 4 

FS3  E0, E1, Er12, Er13, Vn 5 

FS4  E0, E1, Er12, Er13, Vn, fm  6 

FS5  E0, E1, Vn, fm 4 
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4.1.4 Fault Class Identification 

The classification results for each of the three classifiers described in Section ‎3.5 are 

provided below. 

 Decision Tree 

The algorithm explained in Section ‎3.5.1 is used to build decision tree classifiers based 

on feature sets FS1 to FS5 and DFT calculation methods CM1 to CM6. The training and 

validation subsets are used in the CART algorithm to generate and select the optimum 

tree, respectively. Then the testing subset is applied to the selected optimum tree to 

evaluate the classification accuracy.  

Figure ‎4.1 shows the classification accuracy and the size (number of nodes) of each 

decision tree for feature set FS5 when calculation methods CM1 to CM6 are used. 

 
Figure ‎4.1: The correct classification percentage and the size of the decision tree when FS5 feature 

set is used with different methods of the DFT calculation (The simulation data set is used). 
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From Figure ‎4.1, the CART algorithm generates a decision tree with 65 nodes and the 

classification accuracy of 93.70% for the pair of FS5 and CM6. The structure and the 

resulting class confusion matrix of this decision tree are shown in Figure ‎4.2 and Table 

‎4.5, respectively. From the structure of the decision tree and the confusion matrix, Fault 

Classes 1, 2, 3, and 7 are identified in the first few nodes of the decision tree with high 

percentage of classification accuracy. Although the remaining nodes of the decision tree 

are used to identify Fault Classes 4, 5, and 6, the confusion matrix shows that the 

decision tree cannot distinguish very well between Fault Classes 5 and 6. 

Table ‎4.5: Confusion matrix for the decision tree classifier; the FS5 feature set is used, and the CM6 

method is executed to calculate the DFT. 

  Predicted Class Classification 

Error    C1 C2 C3 C4 C5 C6 C7 

A
ct

u
a
l 

C
la

ss
 

C1 100% 0% 0% 0% 0% 0% 0% 0% 

C2 0% 99.84% 0% 0.16% 0% 0% 0% 0.16% 

C3 0% 0% 100% 0% 0% 0% 0% 0% 

C4 0% 0% 0% 99.34% 0.16% 0.50% 0% 0.66% 

C5 0% 0% 0% 1.80% 85.08% 13.12% 0% 14.92% 

C6 0% 0.66% 0% 2.46% 25.24% 71.64% 0% 28.36% 

C7 0% 0% 0% 0% 0% 0% 100% 0% 

 

Other bar charts, which show the classification accuracy and the size of each decision 

tree for the other feature sets and calculation methods, are illustrated in Figure ‎B.1 to 

Figure ‎B.4 of ‎Appendix B. 
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Figure ‎4.2: The structure of the decision tree that is built based on using feature set FS5 and DFT 

calculation method CM6 
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Table ‎4.6 shows the size and the classification accuracy of each decision tree for the 

various pairs of feature sets and DFT calculation methods. For the feature sets consisting 

of frequency-based features, FS2 to FS5, CM1 results in the smallest trees with the high 

percentage of the correct classification. For the other DFT calculation methods in which 

the frequency estimation error is considered, CM6 results in decision trees with better 

classification accuracy and smaller size.  

The decision tree built for the time-based features, FS1, has 92.48% classification 

accuracy, but has about 3 times more nodes than do the FS5 and CM6 pair. 

 

Table ‎4.6: The correct classification percentage and the number of nodes (size) of the decision tree 

for various feature sets and different methods of the DFT calculation. 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 

FS5 
94.61% 91.43% 83.09% 85.71 90.07% 93.70% 

(25) (61) (255) (147) (217) (65) 

FS4 
94.61% 91.57% 83.80% 88.64 90.19% 93.56% 

(21) (59) (157) (211) (161) (79) 

FS3 
92.27% 89.84% 83.00% 85.78% 87.75% 93.40% 

(19) (57) (171) (267) (161) (73) 

FS2 
91.10% 87.70% 73.26% 81.76% 84.33% 92.67% 

(19) (41) (185) (485) (457) (141) 

FS1 
92.48% 

(219) 
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 LDA 

To study the classification accuracy of the LDA, the different sets of features introduced 

in Table ‎4.4 are selected, and all six DFT calculation methods listed in Table ‎4.1 are 

used to extract frequency-based features. The LDA classifier is trained and tested for 

each feature set using the training and testing subsets, respectively. Figure ‎4.3 illustrates 

the correct classification accuracy of the LDA when feature set FS5 and different DFT 

calculation methods are used (the same bar charts for the other feature sets and the DFT 

calculation methods can be found in Figure ‎B.5 to Figure ‎B.8 of ‎Appendix B). 

 
Figure ‎4.3: The correct classification percentage of the LDA when FS5 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 

 

Table ‎4.7 shows the resulting class confusion matrix for CM6 method and FS5 feature 

set. In comparison with the resulting class confusion matrix of the Decision Tree (Table 

‎4.5), the correct classification of Fault Classes 4, 5, and 6 are decreased by 11.80%, 

9.69%, and 20%, respectively.  
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Table ‎4.7: Confusion matrix for the LDA classifier; the FS5 feature set is used, and the CM6 

method is executed to implement the FFT algorithm. 

  Predicted Class Classification 

Error    C1 C2 C3 C4 C5 C6 C7 

A
ct

u
a

l 
C

la
ss

 

C1 100% 0% 0% 0% 0% 0% 0% 0% 

C2 0% 100% 0% 0% 0% 0% 0% 0% 

C3 0% 0% 100% 0% 0% 0% 0% 0% 

C4 0% 0.82% 0% 87.54% 11.64% 0% 0% 12.46% 

C5 0% 0% 0% 3.44% 75.41 21.15 0% 24.59% 

C6 0% 0% 0% 7.38% 40.98% 51.64% 0% 48.34% 

C7 0% 0% 0% 0% 0% 0% 100% 0% 

 

The classification accuracies with respect to the test subset are summarized in Table ‎4.8 

when different feature sets and various DFT calculation methods are used. Excluding 

CM1 in which the frequency of the input voltage source is assumed to be known, CM2 

and CM6 provide features which result in better classification accuracy.  

The classification accuracy of the LDA using the FS1, six time-based features, is 

81.96%, which is smaller than that achieved by the LDA using FS3, FS4, or FS5 with 

DFT calculation methods of CM2 and CM6.  
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Table ‎4.8: The correct classification percentage of the LDA for various feature sets and different 

methods of the DFT calculation 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 
FS5 88.12% 86.21% 77.92% 78.97% 80.63% 87.80% 

FS4 87.12% 86.12% 78.31% 79.98% 81.21% 87.78% 

FS3 87.35% 86.33% 78.45% 79.47% 80.99% 87.59% 

FS2 86.65% 85.93% 64.94% 71.69% 72.30% 76.91% 

FS1 81.96% 

 

 Feedforward Neural Network (FFNN) 

The Neural Network used to classify the faults is described in Section ‎3.5.3. This Neural 

Network is a Feedforward Neural Network (FFNN) with one hidden layer, and the 

backpropagation method is used to train it. The same training and testing subsets that 

were used for the decision tree and the LDA are also used for the FFNN. The validation 

subset which was used in decision tree to find the optimum pruned tree is used indirectly 

during the training process to prevent the FFNN from overfitting the training subset 

samples. The samples of the validation subset are not used to adjust the network 

weights. The numbers of samples used for training, validating, and testing the neural 

network are provided in Table ‎4.3. 

The first feature set that is used to train and test the FFNN is the FS1. The percentage of 

correct classification of the testing subset samples is 88.41% which is 6.45% more than 

the LDA and 4.07% less than the decision tree.  
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For the feature sets of FS2 to FS5 that consist of frequency-based features, all the DFT 

calculation methods in Table ‎4.1 are used. The result of FFNN classification for 

different methods of the DFT calculation used in feature set FS5 are illustrated in a bar 

chart in Figure ‎4.4 (for the rest of the frequency-based features, the same bar charts can 

be found in Figure ‎B.9 to Figure ‎B.12 of ‎Appendix B). As might be expected based on 

the classification results of the decision tree and LDA, CM6 resulted in a correct 

classification accuracy comparable to the 3-value DFT sum methods, CM1 and CM2. 

 
Figure ‎4.4: The correct classification percentage of the FFNN when FS5 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 

 

The results of the FFNN classification using the FS2 to FS5 feature sets are summarized 

in Table ‎4.9. For most of the features sets, the accurate frequency estimate of the input 

voltage source, as is assumed for CM1, results in the highest percentage of correct 

classification. Using the FFT algorithm with a fixed length of 512 samples in CM3, 

results in a lower classification accuracy, but as the additional techniques implemented 

by CM4 (windowing), CM5 (energy band), and CM6 (variable down sampling) are 
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used, the classification accuracy is seen to rise back up approaching the performance 

achieved by CM1. With the exception of CM1, the maximum percentage of the correct 

classification is produced by the CM6 method of DFT calculation.  

Table ‎4.9: The correct classification percentage of the FFNN for various feature sets and different 

methods of the DFT calculation 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 

FS5 94.85% 90.09% 81.50% 83.63% 85.05% 92.30% 

FS4 94.38% 90.59% 82.25% 83.22% 84.62% 92.67% 

FS3 89.93% 90.34% 82.08% 83.56% 85.89% 91.24% 

FS2 88.99% 88.15% 67.68% 72.55% 76.41% 86.77% 

FS1 88.41% 

 

Table ‎4.10 shows the resulting class confusion matrix of FFNN for CM6 and FS5. In 

comparison with the resulting class confusion matrix of the LDA in Table ‎4.7, the 

correct classification of Fault Classes 4, 5, and 6 are increased by 9.51%, 12.95%, and 

9.02%, respectively. Comparing Table ‎4.5 with Table ‎4.10 reveals that the classification 

result of the decision tree and FFNN are close to each other except for Fault Class 6 

which can be identified by the decision tree 10.98% better than the FFNN.  
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Table ‎4.10: Confusion matrix for the FFNN; the FS5 feature set is used, and the CM6 method is 

executed to implement the FFT algorithm. 

  Predicted Class Classification 

Error    C1 C2 C3 C4 C5 C6 C7 

A
ct

u
a

l 
C

la
ss

 

C1 100% 0% 0% 0% 0% 0% 0% 0% 

C2 0% 100% 0% 0% 0% 0% 0% 0% 

C3 0% 0% 100% 0% 0% 0% 0% 0% 

C4 0% 0% 0% 97.05% 1.97% 0.98% 0% 2.95% 

C5 0% 0% 0% 5.08% 88.36% 6.56% 0% 11.64% 

C6 0% 0% 0% 5.41% 33.93% 60.66% 0% 39.34% 

C7 0% 0% 0% 0% 0% 0% 100% 0% 

 

4.1.5 Faulty Diodes Isolation 

After detecting the fault class in the first stage of the open-circuit fault diagnosis 

procedure, the specific set of faulty diodes can be identified in the second stage by use of 

the phase shift feature. The CM6 method is used to calculate the DFT, and equation 

(‎3-28) is used to calculate the phase shift between the input voltage and the output 

voltage ripple of the rectifier.  

Figure ‎4.5 to Figure ‎4.9 illustrate the calculated values of the phase shift feature of the 

samples of the training subset for Fault Classes 2 to 6, respectively. In each diagram the 

variation range of the phase shift feature of each set of faulty diodes is shaded and 

labeled. These figures show that the phase-shift feature can be used to correctly identify 

the faulty diodes. 

All the adjacent shaded areas have adequate separation to ensure selection of a threshold 

with correct identification. The average and standard deviation of the phase-shift feature 

for each faulty diode set are listed in Table ‎4.11 . Choosing the thresholds at the mid-
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point between adjacent shaded areas ensures faulty diode sets can be identified. Table 

‎4.12 represents a lookup table that can be used to identify faulty diodes in each fault 

class. When this algorithm was applied on the testing subset and for all 3,050 samples of 

Fault Classes 2 to 6, the faulty diodes are all identified correctly. 

 

 
Figure ‎4.5: Phase shift of different sets of faulty diodes in Fault Class 2 
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Figure ‎4.6: Phase shift of different sets of faulty diodes in Fault Class 3 

 

 
Figure ‎4.7: Phase shift of different sets of faulty diodes in Fault Class 4 
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Figure ‎4.8: Phase shift of different sets of faulty diodes in Fault Class 5 

 
Figure ‎4.9: Phase shift of different sets of faulty diodes in Fault Class 6 
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Table ‎4.11: The average and standard deviation of the phase shift of faulty diode sets of each fault 

class 

Fault 

Class 
Faulty Diodes 

Phase Shift Average 

(degree) 

Phase Shift Standard 

Deviation (degree) 

2 

D1 252.27 3.82 

D2 191.61 3.66 

D3 131.84 3.66 

D4 72.40 3.90 

D5 11.38 3.72 

D6 311.81 3.70 

3 

{D1 , D4} 288.00 14.05 

{D3 , D6} 49.03 14.71 

{D5 , D2} 166.65 15.22 

4 

{D1 , D2} 210.25 2.65 

{D1 , D6} 271.24 2.95 

{D3 , D2} 151.08 2.56 

{D3 , D4} 91.64 2.78 

{D5 , D4} 30.18 2.47 

{D5 , D6} 331.11 2.59 

5 

{D1 , D3} or { D1 , D3 , D2} 165.26 5.26 

{D1 , D5} or { D1 , D5 , D6} 285.89 5.62 

{D3 , D5} or { D3 , D5 , D4} 44.63 5.60 

{D4 , D2} or { D4 , D2 , D3} 106.19 5.59 

{D4 , D6} or { D4 , D6 , D5} 345.26 5.58 

{D6 , D2} or { D6 , D2 , D1} 224.34 6.17 

6 

{ D1 , D4 , D2} or { D1 , D4 , D3} 111.59 11.39 

{ D1 , D4 , D5} or { D1 , D4 , D6} 291.91 10.71 

{ D3 , D6 , D1} or { D3 , D6 , D2} 169.51 11.01 

{ D3 , D6 , D4} or { D3 , D6 , D5} 351.85 10.64 

{ D5 , D2 , D1} or { D5 , D2 , D6} 230,13 11.18 

{ D5 , D2 , D3} or { D5 , D2 , D4} 50.24 11.14 
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Table ‎4.12: The lookup table to find faulty diode sets of each fault class 

Fault Class Phase Shift (Δ) Condition Faulty Diodes 

2 

41 ≤ Δθ < 101 D4 

101 ≤ Δθ < 161 D3 

161 ≤ Δθ < 221 D2 

221 ≤ Δθ < 281 D1 

281 ≤ Δθ < 342 D6 

Δθ < 41 or Δθ ≥ 342 D5 

3 

109 ≤ Δθ < 231 D2 and D5 

231 ≤ Δθ < 351 D1 and D4 

Δθ < 109 or Δθ ≥ 351 D3 and D6 

4 

0 ≤ Δθ < 59 D4 and D5 

59 ≤ Δθ < 122 D3 and D4 

122 ≤ Δθ < 179 D2 and D3 

179 ≤ Δθ < 240 D1 and D2 

240 ≤ Δθ < 300 D1 and D6 

300 ≤ Δθ < 360 D5 and D6 

5 

15 ≤ Δθ < 77 D3 and D5; check D4 

77 ≤ Δθ < 140 D2 and D4; check D3 

140 ≤ Δθ < 193 D1 and D3; check D2 

193 ≤ Δθ < 258 D2 and D6; check D1 

258 ≤ Δθ < 314 D1 and D5; check D6 

Δθ < 15 or Δθ ≥ 314 D4 and D6; check D5 

6 

18 ≤ Δθ < 73 D2 and D5; check D3 and D4 

73 ≤ Δθ < 134 D1 and D4; check D2 and D3 

134 ≤ Δθ < 200 D3 and D6; check D1 and D2 

200 ≤ Δθ < 259 D2 and D5; check D1 and D6 

259 ≤ Δθ < 319 D1 and D4; check D5 and D6 

Δθ < 18 or Δθ ≥ 319 D3 and D6; check D4 and D5 
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4.2 Experimental Results 

To verify the two-stage open-circuit fault diagnosis method, it is applied on the signals 

captured from the experimental test-bed. The experimental data set has 273 samples that 

are randomly distributed to three subsets of training, validating, and testing as reposted 

in Table ‎4.13. The data size ratios for training, testing and validation subsets are 0.6, 0.2 

and 0.2, respectively. 

Table ‎4.13: Distribution of randomly selected experimental samples among the three subsets of 

training, validation, and testing for each fault class. 

Fault Class 
Training 

Samples 

Validating 

Samples 

Testing 

Samples 

Total 

Samples 

C1 23 8 8 39 

C2 23 8 8 39 

C3 23 8 8 39 

C4 23 8 8 39 

C5 23 8 8 39 

C6 23 8 8 39 

C7 23 8 8 39 

Total 161 56 56 273 

 

According to the simulation results explained in Section ‎4.1.4, the decision tree and 

FFNN in conjunction with the feature set of FS5 and DFT calculation method CM6 

provide the most promising results for fault class identification. The simulation analysis 

was completed using the simulation data set which consists of 21,350 samples. But the 

experimental data set that is formed of 273 samples has significantly smaller size. For a 

fair comparison, 273 samples of the simulation data set are randomly selected to form a 

new small-size simulation data set, and the fault class detection analysis was repeated. 
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The decision tree, LDA, and FFNN are each trained and tested 50 times for each set of 

features to study the effect of the reduced-size data set on the performance of each 

classifier/feature set combination. In each training and testing procedure, the training, 

testing, and validation subsets are randomly selected with the ratio of 0.6, 0.2, and 0.2 

respectively (the validation subset is not used in the LDA training procedure). The 

average over the 50 trials of the correct classification percentage is calculated as an 

indicator of each classifier’s performance for fault class identification. 

The results revealed that the most promising solutions for both sizes of the simulation 

data set are the same. Table ‎4.14 to Table ‎4.16 show respectively the percentage of the 

correct classification for the decision tree, the LDA, and the FFNN when different 

feature sets and DFT calculation methods are used for the small-size simulation data set. 

The data in these tables are illustrated in a more visual manner by the bar charts in 

‎Appendix C.  

Table ‎4.14: The correct classification percentage of the decision tree for various feature sets and 

different methods of the DFT calculation when the small size of the simulation data set is used. 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 

FS5 85.88% 84.32% 73.26% 74.61% 77.94% 87.43% 

FS4 86.69% 83.88% 74.49% 75.43% 77.22% 86.94% 

FS3 86.61% 83.35% 74.89% 75.60% 77.14% 86.90% 

FS2 85.51% 82.45% 61.71% 70.29% 72.90% 83.55% 

FS1 80.49% 
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Table ‎4.15: The correct classification percentage of the LDA for various feature sets and different 

methods of the DFT calculation when the small size of the simulation data set is used. 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 
FS5 85.55% 84.77% 77.31% 77.87% 81.55% 87.71% 

FS4 86.70% 85.18% 77.71% 78.80% 80.59% 87.75% 

FS3 86.73% 85.06% 78.20% 79.08% 80.73% 86.82% 

FS2 85.51% 84.32% 64.81% 69.06% 71.97% 76.93% 

FS1 80.61% 

 

Table ‎4.16: The correct classification percentage of the FFNN for various feature sets and different 

methods of the DFT calculation when the small size of the simulation data set is used. 

  DFT Calculation Method 

  CM1 CM2 CM3 CM4 CM5 CM6 

F
ea

tu
re

 S
et

 

FS5 88.08% 86.00% 77.84% 78.25% 83.34% 89.10% 

FS4 87.14% 85.84% 77.43% 79.22% 82.04% 88.61% 

FS3 88.90% 86.02% 77.10% 79.55% 82.26% 88.53% 

FS2 84.91% 84.45% 63.51% 68.36% 74.14% 81.22% 

FS1 82.08 

 

To detect the fault classes in the experimental data set, DFT calculation method CM6 is 

used to extract and form the FS4 and FS5 feature sets. The training and validation 

subsets are respectively used to build and prune a decision tree using the CART 

algorithm as well as to train and decide when to stop training the FFNN. Also the 
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training subset is used to train the LDA. Using the same training process as was used on 

the small-size simulation data set, each classifier is trained and tested 50 times and the 

average over the 50 trials of the correct classification percentages is calculated as an 

indicator of each classifier’s performance with respect to the testing subset. The results 

are shown in Table ‎4.17. 

Table ‎4.17: The correct classification percentage of the decision tree, the FFNN and the LDA using 

the experimental data set. 

Classifier 

Features 

(FS4 , CM6) (FS5 , CM6) 

C
la

ss
if

ie
rs

 

Decision Tree 
82.40% 

(size = 20) 
81.82% 

(size = 19) 

LDA 80.71% 79.96% 

FFNN 84.46% 84.78% 

 

In the second stage of the proposed open-circuit fault diagnosis method, the faulty diode 

sets in each fault class are isolated. Equation (‎3-28) is used to calculate the phase shift 

between the input voltage and the output voltage ripple of the rectifier.  Figure ‎4.10 

illustrates the variation range of the phase shift feature for the different sets of faulty 

diodes in Fault Class 2. As shown in Figure ‎4.10, the shaded areas may be easily 

differentiated with appropriate thresholds. Application of the phase-shift intervals 

specified in Table ‎4.12 results in the correct identification of the faulty diode sets. 
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Figure ‎4.10: Phase shift of different sets of faulty diodes in Fault Class 2 based on the experimental 

data set. 
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5 Summary and Conclusions 

In this thesis, a two-stage algorithm has been designed and implemented to diagnose 

open-circuit faults and isolate faulty diodes in an uncontrolled three-phase rectifier 

which is supplied by a voltage that has variable amplitude and frequency. The proposed 

algorithm uses only two measurements: one line voltage of the rectifier’s three-phase 

input voltage source and the output voltage of the rectifier.  

In the first stage, open-circuit faults are detected and a classifier is used to assign a fault 

class. Three classifiers and a number of features were investigated using the simulation 

data. The simulation result revealed that among the investigated calculation methods of 

DFT, CM2 (3-value DFT sum) and CM6 (FFT with fixed length that employs 

windowing, variable downsampling, and energy band) result in better classification 

accuracy. Although CM2 requires only a single period of the signal to extract frequency-

based features, the CM6 algorithm is faster to be executed in the DSP. The investigation 

suggested that the most promising solution is a decision tree built by the CART 

algorithm or a FFNN with one hidden layer classifier and feature sets of FS4 or FS5.  

In the second stage, the specific set of faulty diodes is determined from the phase shift of 

the rectifier output voltage ripple relative to the input voltage. The results revealed that 

the method identifies 100% of the failure diodes belonging to Fault Classes 2 to 6 using 

both simulation and experimental data. 
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5.1 Contribution 

This research introduced a new method to identify open-circuit faults and isolate failures 

in a three-phase rectifier. The contributions of this method are listed as follows. 

 The proposed open-circuit fault diagnosis method is restricted to use 

measurements of the rectifier output voltage and one line voltage of the three-

phase input voltage of the rectifier. Isolating the failure diodes using these two 

measurements is more difficult than using measurements of the input three-

phase current of the rectifier which is common in previous literature [1], [6]-

[13]. 

 In the proposed method, the amplitude of the voltage source of the rectifier is 

assumed to be constant and unknown, but constrained to lie between a known 

lower bound and a known upper bound of 100V and 350V. Similarly, the input 

frequency is assumed to be constant and unknown but constrained to lie 

between a known lower bound and a known upper bound of 20Hz and 80Hz. 

Previous works in which the output voltage of the rectifier is measured to 

identify the open-circuit faults, assume the amplitude and/or frequency of the 

input voltage of the rectifier are fixed [16], [18]-[23]. 

 To extract the frequency-based features from the output and the input voltage of 

the rectifier, the techniques of windowing, energy band, and variable 

downsampling are used in addition to the FFT with a fixed length. 

 The use of the phase difference between the output voltage ripple and the input 

voltage of the rectifier as a basis for failure diodes isolation is new. This feature 

has not considered in previous literature. 
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 The proposed method is able to identify open-circuit fault and isolate failure 

diodes when one, two, or three diodes are open simultaneously. Most of the 

previous works diagnose only one open-circuit diode [6]-[11], [24]; some of 

them are able to identify a number of cases that two diodes are open [1], [13], 

[21]. A few of the previous works, [14] and [35], only recognize whether or not 

the rectifier has any open-circuit faults.  

5.2 Future Work 

 Time-based features: In this research, the focus was on the frequency-based 

features, and various method of the DFT calculations were investigated deeply. 

Besides, some time-domain features were studied briefly to be compared. In 

future work, more study can be done on the time-based features. 

 Combination of the two stages of the method: This work presents a two-stage 

method to identify the open-circuit fault and isolate the failure diodes. 

Combining these two stages and generating a new single stage method to 

diagnose and isolate failure diodes can be done in future. 

 Optimization of the DFT sum implementation: The implementation of the 

DFT sum has to be optimized for the DSP to be executed faster. The results in 

Chapter  4 show that in comparison with the FFT algorithm, using the DFT sum 

needs smaller length of the signal.  
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Appendix A -  Simulated Output Voltage Ripple of the 

Rectifier in Different Fault Classes 

The output voltage ripple of the rectifier has different waveforms based on the different 

sets of the open-circuit diodes. All of the possible open-circuit diodes sets are classified 

to seven classes which are described in Section ‎3.1. The waveform of the output voltage 

ripple of the rectifier for the fault classes of one to six is illustrated in Figure ‎A.1 to 

Figure ‎A.13 when the three-phase input voltage of the rectifier has different values of 

frequency. 

 
Figure ‎A.1: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 20Hz. 
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Figure ‎A.2: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 25Hz. 

 

 
Figure ‎A.3: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 30Hz. 
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Figure ‎A.4: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 35Hz. 

 

 
Figure ‎A.5: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 40Hz. 
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Figure ‎A.6: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 45 Hz. 

 

 
Figure ‎A.7: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 50Hz. 
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Figure ‎A.8: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 55Hz. 

 

 
Figure ‎A.9: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 60Hz. 



75 

 

 
Figure ‎A.10: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 65Hz. 

 

 
Figure ‎A.11: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 70Hz. 
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Figure ‎A.12: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 75Hz. 

 

 
Figure ‎A.13: Simulated output voltage ripple of the rectifier in the different fault classes when the 

input voltage frequency is equal to 80Hz. 
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Appendix B -  Comparison of the Classification Accuracy 

of the Classifiers for Different Feature Sets 

and Different DFT Calculation Methods 

In Section ‎4.1.4, different feature sets form the simulation data set were used by the 

three classifiers of decision tree, LDA, and FFNN to identify fault classes. In this 

appendix, the percentage of the correct classification of the classifiers are compared and 

illustrated in bar charts for different feature sets and the DFT calculation methods. 

 Decision Tree Classifier 

The percentage of the correct classification of the decision tree on FS2 to FS5 feature 

sets are respectively illustrated in Figure ‎B.1 to Figure ‎B.4, and at the bottom of each 

bar, size of the optimum tree is mentioned.  

 
Figure ‎B.1: The correct classification percentage and the size of the decision tree when FS2 feature 

set is used with different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.2: The correct classification percentage and the size of the decision tree when FS3 feature 

set is used with different methods of the DFT calculation (The simulation data set is used). 

 

 
Figure ‎B.3: The correct classification percentage and the size of the decision tree when FS4 feature 

set is used with different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.4: The correct classification percentage and the size of the decision tree when FS5 feature 

set is used with different methods of the DFT calculation (The simulation data set is used). 

 LDA Classifier 

LDA classifier is trained and tested for all the feature sets and the results are illustrated 

in Figure ‎B.5 to Figure ‎B.8. In each figure, the effect of various DFT calculation 

methods on the LDA classification are compared 

 
Figure ‎B.5: The correct classification percentage of the LDA when FS2 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.6: The correct classification percentage of the LDA when FS3 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 

 

 
Figure ‎B.7: The correct classification percentage of the LDA when FS4 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.8: The correct classification percentage of the LDA when FS5 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 

 FFNN Classifier 

The result of FFNN classification on FS2 to FS5 feature sets are illustrated in Figure ‎B.9 

to Figure ‎B.12, respectively. In each graph, the results which are drawn from different 

methods of DFT calculation are compared 

 
Figure ‎B.9: The correct classification percentage of the FFNN when FS2 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.10: The correct classification percentage of the FFNN when FS3 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 

 

 
Figure ‎B.11: The correct classification percentage of the FFNN when FS4 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 
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Figure ‎B.12: The correct classification percentage of the FFNN when FS5 feature set is used with 

different methods of the DFT calculation (The simulation data set is used). 
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Appendix C -  Fault Class Identification Based on the 

Small Size of the Simulation Data Set 

In Section ‎4.1.4, the simulation data set which consists of 21,350 samples (Table ‎4.3) is 

used to investigate the various feature sets and the three classifiers of decision tree, 

LDA, and FFNN. In this appendix, the same investigation is done on a small size of data 

set. 273 samples are randomly selected from the simulation data set to form a new data 

set with the equal size of the experimental data set (Table ‎4.13). This new small 

simulation data set has 39 samples for each fault class.  

 Decision Tree 

The FS1 to FS5 feature sets are extracted from the small simulation data set, and to 

extract the frequency-based features, all the six DFT calculation methods of CM1 to 

CM6 are employed. The training and validation subsets are used in the CART algorithm 

to generate and select the optimum trees, and the percentage of the correct classification 

is calculated with respect to the test subset. The training and testing procedure is 

repeated 50 times for each feature set. The training, testing, and validation subsets are 

randomly selected with the ratio of 0.6, 0.2, and 0.2 in each repeating, respectively. The 

average of the 50 correct classification values is calculated as the accuracy of the 

decision tree. The percentage of the correct classification of the decision tree for the 

feature sets of FS2 to FS5 are shown in Figure ‎C.1 to Figure ‎C.4.  
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Figure ‎C.1: The correct classification percentage of the decision tree when FS2 feature set is used 

with different methods of the DFT calculation. The small size of the simulation data set is used to 

train and test. 

 

 
 Figure ‎C.2: The correct classification percentage of the decision tree when FS2 feature set is used 

with different methods of the DFT calculation. The small size of the simulation data set is used to 

train and test. 
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Figure ‎C.3: The correct classification percentage of the decision tree when FS2 feature set is used 

with different methods of the DFT calculation. The small size of the simulation data set is used to 

train and test. 

 

 
Figure ‎C.4: The correct classification percentage of the decision tree when FS2 feature set is used 

with different methods of the DFT calculation. The small size of the simulation data set is used to 

train and test. 
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 LDA 

The procedure of training and testing of the LDA is repeated 50 times for each set of 

feature set. In each time, the training and testing subsets are randomly selected and the 

percentage of the correct classification is recorded. At the end, the average of them 

represents the percentage of the correct classification of the LDA. Figure ‎C.5 to Figure 

‎C.8 illustrate the accuracy of the LDA for the feature sets of FS2 to FS5, respectively.  

 
Figure ‎C.5: The correct classification percentage of the LDA when FS2 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 
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Figure ‎C.6: The correct classification percentage of the LDA when FS3 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 

 
Figure ‎C.7: The correct classification percentage of the LDA when FS4 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 
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Figure ‎C.8: The correct classification percentage of the LDA when FS5 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 

 

 FFNN 

The FFNN is trained and tested 50 times for each set of features to study its performance 

on the small size of the simulation data set. In each training and testing procedure, the 

training, testing, and validation subsets are randomly selected with the ratio of 0.6, 0.2, 

and 0.2 respectively. The average of the 50 correct classification values is calculated to 

represent accuracy of the FFNN in fault class identification. Figure ‎C.9 to Figure ‎C.12 

show the percentage of the correct classification of the FFNN for the feature sets of FS2 

to FS5, respectively.  
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Figure ‎C.9: The correct classification percentage of the FFNN when FS2 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 

 

 
Figure ‎C.10: The correct classification percentage of the FFNN when FS3 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 
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Figure ‎C.11: The correct classification percentage of the FFNN when FS4 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 

 

 
Figure ‎C.12: The correct classification percentage of the FFNN when FS5 feature set is used with 

different methods of the DFT calculation. The small size of the simulation data set is used to train 

and test. 
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Appendix D - The List of MATLAB Code to Run the 

Simulation Model and Save the Data 

% This m-file is used to set up the setting of the simulink model to 

mimic 
% each specific open-circuit fault, run the simulink model, and save 

the 
% captured signals 

  
close all; 
clear all; 

  
% load the lookup table which is needed for the booster controller of 

the 
% simulink model 
load('lookuptable.mat'); 

  
% the variation range of the amplitude and frequency of the input 

voltage 
% source 
InputFreq = 20:1:80; 
InputAmp = 104:4:344; 

  
% Number of input frequency variety 
NFreq = length(InputFreq);            
% Number of Fault Classes 
NClass = 7;                          

  
% Open the simulation model 
open_system('Model_OpenCircuit')         

  
% Loop for different values of the input voltage source parameters 
for fi = 1 : NFreq                   

     
    SourceValue = ['[',num2str(InputAmp(fi)),' 0 ',... 
                    num2str(InputFreq(fi)),']']; 
    set_param('Model_OpenCircuit/Supply', ... 
                'PositiveSequence' , SourceValue); 
    set_param('Model_OpenCircuit/Frequency', 'Value' ,... 
                num2str(InputFreq(fi))); 

     
    % Loop of Faulty Classes number 
    for ci = 1 : NClass              

  
        switch ci 
            case 1 
                Dname = 0; 
            case 2 
                Dname = [1 , 2 , 3 , 4 , 5 , 6]; 
            case 3 
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                Dname = [14 , 36 , 52]; 
            case 4 
                Dname = [12 , 16 , 32 , 34 , 54 , 56]; 
            case 5 
                Dname = [130 , 150 , 350 , 420 , 460 , 620 , 132 ,... 
                        156 , 354 , 423 , 465 , 621]; 
            case 6 
                Dname = [142 , 143 , 145 , 146 , 361 , 362 , 364 ,... 
                        365 , 521 , 523 , 524 , 526]; 
            case 7 
                Dname = 135; 
        end 

         
        % Number of fulty diode sets in each fault class 
        NDiodeInClass = length(Dname); 

         
        % Loop of faulty diode sets 
        for di = 1 : NDiodeInClass       

             
            FaultyDiodes = num2str(Dname(di)); 

  
            % Set all diodes as normal 
            for ii=1:6 
                set_param(['Model_OpenCircuit/Rectifier/Timer',... 
                            num2str(ii)], 'e' , '[1 1]'); 
            end 

             
            % Set faulty diodes opened 
            for ii=1:length(FaultyDiodes) 
                if (FaultyDiodes(ii) ~= '0') 
                    set_param(['Model_OpenCircuit/Rectifier/Timer',... 
                              num2str(FaultyDiodes(ii))],'e' ,'[1 0]'); 
                end 
            end 

             
            % Run simulation model 
            sim('Model_OpenCircuit'); 

             
            % Set file name to save the data 
            if ( (ci == 1) || (ci == 7) ) 
                FileString = ['Data_OC_2\C',num2str(ci),... 
                              '_',num2str(InputAmp(fi)),'v_',... 
                              num2str(InputFreq(fi)),'Hz']; 
            else 
                FileString = ['Data_OC_2\C',num2str(ci),... 
                              '_D',num2str(Dname(di)),'_',... 
                              num2str(InputAmp(fi)),'v_',... 
                              num2str(InputFreq(fi)),'Hz']; 
            end 

             
            % Save signals 
            t = Rectifier.time; 
            Vin = Rectifier.signals(1).values; 
            Iin = Rectifier.signals(2).values; 
            V_rectifier = Rectifier.signals(3).values; 
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            I_rectifier = Rectifier.signals(4).values; 

  
            V_booster = Booster1.signals(1).values; 
            I_booster = Booster.signals(1).values; 

  
            V_grid = Load.signals(1).values; 
            I_grid = Load.signals(2).values; 

             
            save(FileString, 't','Vin','Iin','V_rectifier','V_grid',... 
                    'I_rectifier','V_booster','I_booster','I_grid'); 

  
        end 
    end 
end 



 

Curriculum Vitae 

Candidate’s‎full‎name:‎ 

Mehdi Rahiminejad 

Universities attended: 

2014 – 2016 M.Sc. Electrical and Computer Engineering, 

 University of New Brunswick 

 Supervisors: Dr. Maryhelen Stevenson and Dr. Christopher Diduch 

Thesis title: “Open-circuit fault diagnosis in three-phase full-bridge 

power rectifier driven by an unknown voltage source” 

 

1999 – 2002 M.Sc. Biomedical Engineering 

 Amirkabir University of Technology 

 Supervisors: Dr. Seyyed Ali Seyyedsalehi 

Thesis title: “Modifying feature extraction methods for enhancing 

speech recognition accuracy” 

 

1995 – 1999 B.Sc. Electrical and Computer Engineering 

 University of Tehran 

Journal Publications:  

M. Rahiminejad, S.A. Seyyedsalehi, “A Comparative Study of Representation 

Parameters Extraction and Normalization Methods for Speaker Independent Recognition 

of Speech”, Amirkabir Journal of Science and Technology, vol. 14, no.55-A, summer 

2003 

Conference Publications:  

M. Rahiminejad, C. Diduch, M. Stevenson, and Liuchen Chang, “Open-circuit fault 

diagnosis in 3-phase uncontrolled rectifiers,” in IEEE Int. Symp. Power Electronics for 

Distributed Generation Systems (PEDG), 2012, pp. 254-259. 

M. Rahiminejad, K. Kordari, “Applying Neural Death for Modifying ART2 Algorithm,” 

Intelligent Systems Symposium, IEEE Student Branch of University of Tehran, February 

2000 


